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This project arose from 2 months of work over the summer of 2020 during 
the COVID-19 pandemic. Boston Chinatown Neighborhood Center (BCNC) 
hired me to assist with onboarding of a new fundraising staff member as 
well as research on community demographics and programmatic impact. 
As part of this work, I analyzed a dataset related to an income replacement 
program for local immigrant families affected by the COVID-19 lockdown. My 
capstone project attempts to build on this initial analysis with more detailed, 
geospatial modeling of this dataset paired with Census bureau data. This 
work highlights ways in which non-profit service data can be repurposed for 
advocacy, in keeping with historical community organizing efforts in Boston’s 
Chinatown. 
This paper is divided into several parts. The Background section provides 
an overview of the history of Boston Chinatown, American community or-
ganizing tactics and critiques, and a brief analysis of political economy and 
successful community advocacy initiatives in Boston’s Chinatown. In the 
Technical section, I create and analyze multi-variate linear and geographi-
cally-weighted regression (GWR) models predicting unemployment of Asian 
non-citizen residents of Suffolk county, and compare the results with a data-
set from an income replacement program conducted during the early stages 
of the COVID-19 pandemic. In the final section, I discuss findings from the 
regression models and potential applications for non-profits, researchers, 
policy makers and advocates.
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Background
Boston Chinatown 
The history of Boston’s Chinatown began in the 1870’s, when the first Chi-
nese workers arrived in the area nearby South Station. Many of these work-
ers had labored on the transcontinental railroad and arrived in Massachu-
setts to take work at mills, breaking the strikes of local workers. Once their 
contracts were up these Chinese immigrants boarded trains for the nearest 
city, Boston, and settled in the low-lying land-filled neighborhoods of the 
Leather District and Chinatown. At that time the neighborhood was an 
eclectic mix of Syrian, Eastern European, and Jewish immigrants, and only 
became majority Chinese after the second world war and the passage of the 
War Brides Act of 1946, the Immigration Act of 1952 and the 1952 McCar-
ren/Walter Act. These changes in immigration policy allowed for the migra-
tion of Chinese women, children, and extended family members of the Chi-
nese-American GIs who had served during World War II, which the Chinese 
Exclusion Act had previously forbade.  Chinatown rapidly transformed from 
a bachelor society to a neighborhood of working families. By the 1960’s, the 
neighborhood faced a new threat with Urban Renewal. Officials in Boston 
City Hall and the infamous Boston Redevelopment Authority viewed China-
town and the South Cove as blighted, and implemented an elevated high-
way project which cut the neighborhood in half and displaced hundreds of 
working class immigrant families from their brick rowhouses. In response, 
Chinatown residents initiated a flurry of community organizing and political 
efforts to help protect and preserve their neighborhood.  
BCNC was founded in 1969 after a community organizing effort in China-
town won concessions from Boston City Hall, including the creation of a 
new elementary school, housing, and a healthcare center for the neighbor-
hood. It joined the Asian American Civic Association (founded in 1967), the 
Chinese Consolidated Benevolent Association and the United South End 
Settlements (both founded during the Progressive Era) in the growing net-
work of civic associations in Chinatown and Boston writ large. The Chinese 
Progressive Association (CPA) was founded in the 1970’s to address issues of 
community control of land, and the Asian Community Development Corpo-
ration (ACDC) in the 1980’s during an affordable housing crisis in the neigh-
borhood. All of these organizations remain active to this day. 
Community and Community Organizing 
The terms “community” and “community organizing” are frequently evoked 
in contemporary discussions of immigrant neighborhoods and enclaves. 
The meanings and histories of these terms, however, are often misunder-
stood as simply the results of “progressive” activism rather than as a dia-
lectic between eras of progressive and reactionary political action. In their 
2010 book “Contesting Community,” James DeFilippis, Robert Fisher and 
Eric Shragge identify six eras of “progressive” and “reactionary” community 
organizing; the Progressive Era (1900-1920), the Red Scare of the 1920’s, De-
pression Era organizing (1930-1946), the rise of redlining and Homeowner’s 
Associations in the 1950’s, Sixties organizing (1960-1975), and our current 
era (1975-present) which DeFilippis et al. characterize as a period of reac-
tionary conservative political economy (DeFilippis et al., 2010). Each of these 
eras were shaped by national policies and socio-political movements, such 
as the Settlement House movement of the Progressive era and the FHA-
backed loans for suburban homes of the 1950’s which resulted in massive 
residential segregation and contributed to the racial wealth gap. 
In contrast to the earlier liberal/progressive movements of the 1920’s and 
1960’s, the Depression era organizing of 1930-1946 focused more intense-
ly on industrial workers and labor disputes. Saul Alinsky and the Industrial 
Areas Foundation (IAF) are prime examples of this organizing approach, with 
their focus on militant tactics, non-ideological organizing, and building pow-
er through “organizations of organizations.” Depression era organizing saw 
the empowerment of workers as leaders through locally built organizations 
and coalitions, often in industrial manufacturing neighborhoods of major 
American cities. This was a departure from the Progressive era of the 1920’s, 
which was primarily led by well-heeled bourgeois professionals. Similarly, 
the organizing of the 1960’s shifted its focus away from the urban and indus-
trialized neighborhoods in which Saul Alinsky worked to university campuses 
and more middle-class college students. In recent decades, organizers have 
critiqued the Alinksyan model of organizing for its studiously non-ideological 
approach and its elevation of class and labor issues over race, ethnicity, and 
culture, in what is known as the Neo-Alinskyan approach. 
Page 6 Page 7
Writing in 2003, Rinku Sen offers a detailed and pragmatic critique of the 
limitations of Alinskyan organizing models. Sen outlines the anti-racist 
critique of Alinsky’s work, which takes issue with the dominance of white 
professionals in community organizing, the unwillingness of community 
organizations to center race in their work, and inflexible rules of leadership 
and tactics with an overemphasis on direct confrontation with mainstream 
institutions (Sen, 2003). Similarly, Sen’s Feminist Critique of Alinsky takes 
issue with the focus on intervention in the public sphere while ignoring 
the private/domestic realm, the inability of organizers to balance work and 
family duties, the focus on “narrow self-interest as primary motivation,” 
and an overreliance on conflict and militaristic tactics (Sen, 2003). Sen calls 
for a centering of issues of race and gender in anti-capitalist community or-
ganizing, emphasizing how inextricably race and gender are tied to systems 
of capitalist exploitation. 
“…[H]iding differences under an anti-capitalist anal-
ysis often amounts to universalizing the experience 
of working-class white men, while leaving all others 
unorganized, excluded form organization, or subject 
only to the same tactics that worked to organize 
white men…if we avoid the specifics of a particular 
community because it does not fit the universal, we 
do so at our own peril” (Sen, 2003). 
Both Sen and DeFilippis call for broader coalition building, education and 
training for community members to adopt leadership roles, and the linking 
of the local to the national and global. 
The Neo-Alinskyan approach, with its identarian inflections, is not with-
out its critics. Marxian-structuralist critiques highlight the ways in which 
an identarian approach to politics is largely in harmony with neoliberal 
forms of governance. Writing in the 1970’s, David Harvey and Christopher 
Lasch link a then-emergent form of identity politics to the atomization and 
narcissism of neoliberalized culture. Lasch points to the theatrical politics 
of the 1960’s and 70’s, in which “radical style was substituted for radical 
substance” (Lasch, 2018), while David Harvey describes the “narcissis-
tic exploration of self, sexuality and identity” as the emerging “leitmotif 
of bourgeois urban culture” (Harvey, 2014). Writing three decades after 
Harvey and Lasch, Randy Stoecker takes issue with the feminist and con-
sensus-building modes of organizing which downplay conflict with power 
brokers, as seen in the growing movement of community development 
corporations (CDCs). As CDCs moved away from conflict-models, many 
communities lost their ability to make concrete demands on the state 
and corporations, a key tenet of community organizing practice (Stoeck-
er, 2003).  The late Grace Lee Boggs, wife of Jimmy Boggs and a long-time 
organizer in the black community in Detroit, articulates the importance of 
a dialectical understanding of history and power for organizers. In a 2015 
conversation on the shortcomings of the Black Power movement with 
Karin Aguilar-San Juan, Boggs cautions organizers to think “dialectically and 
not biologically” (Aguilar-San Juan, 2015). 
“Unlike Detroit, where we’ve had a consistent analysis of the 
city, in Newark the people didn’t do any of this...The result was 
that when blacks got power in Newark, they were just as cor-
rupt as the Italians. It really shows the role that thinking and 
analysis continues to play in struggle, in terms of helping one 
to move from one stage to the next.” (Aguilar-San Juan, 2015)
For organizers working with immigrants, the challenge is to balance 
co-ethnic solidarity with an historically grounded understanding of how 
power operates within their communities. This emphasis on dialectical un-
derstanding fits well with Neo-Alinskyan approaches which view race and 
ethnicity in tandem with class and class power. 
In a series of articles on community organizing in Chicago, Marc Doussard 
and his co-authors detail emerging Neo-Alinskyan models in community-la-
bor organizing. In a 2017 article, Doussard and co-author Jacob Lesniewski 
interviewed 32 “movement participants” working in community-labor or-
ganizing in Chicago, and find that by focusing on political education, iden-
tity framing, and broader coalition building, organizers successfully link 
neighborhood level struggles to city and state-wide efforts. Many organi-
zations increased service delivery as a way to reach and mobilize marginal-
ized populations, although they remain cautious of the tendency of service 
delivery to weaken capacity for political action (Lesniewski & Doussard, 
2017). In a later empirical study using data from National Study of Com-
munity Organizing Organization (NSCOO), Doussard and co-author Brad 
Fulton find that partnerships between community-based organizations 
(CBOs) and labor organizations result in threefold increase in state-level 
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advocacy by CBOs, increased media coverage, and increased meetings with 
state legislators (Doussard & Fulton, 2020). Conversely, these partnerships 
often reduce CBO’s capacity to engage in neighborhood-level political 
action(Doussard & Fulton, 2020). However, the expertise and skill sets of 
larger unions greatly aid CBOs in achieving material successes (such as $15 
minimum wage laws, wage theft laws, and shift scheduling laws), making 
the time and opportunity costs of state-level advocacy worthwhile. 
In Boston, similar coalitions are emerging in efforts like Community Labor 
United, which works with community-based organizations such as the Chi-
nese Progressive Association to bridge organizing efforts across neighbor-
hoods. While the critiques of the renewed focus on identity politics merit 
consideration, contemporary and emerging models of neo-Alinskyan com-
munity organizing have largely evaded the pitfalls of elite recapture and 
recuperation. Heeding the advice of scholar-practitioners like DeFilippis, 
Boggs and Sen, neo-Alinksyan approaches successfully link the particular 
to the universal, create new coalitions cross-cutting sectors and geographic 
space, and engage in long-term political education and leadership develop-
ment of community members.
Citizenship, the State, and Immigrant organizing 
Immigrants occupy an ambiguous position within community organizing 
efforts. Historically corporations have used immigrant workers to undercut 
labor organizing efforts in the US, leading to no shortage of tension be-
tween labor and immigrant organizers. As foreign nationals, non-natural-
ized immigrants are often excluded from the benefits of full citizenship and 
integration into the American state. Additionally, as the state continues to 
outsource key functions to the non-profit sector (such as income and food 
assistance, English for Speakers of Other Languages programs, and child 
care), non-profits have become what Kathe Newman calls the “shadow 
state,” providing a form of differential citizenship to immigrants (Lake & 
Newman, 2002). Vulnerable immigrant populations (such as the disabled, 
those with low levels of education and/or English proficiency) are then 
“doubly disenfranchised: transferred from the state to the shadow state 
that is itself unable to respond to citizenship claims due to structural and 
contextual constraints” (Lake & Newman, 2002). 
While the state relegates low-income immigrants to non-profit “shadow state” 
apparatuses, it also seeks out wealthy immigrants through market-oriented im-
migration policies like the EB-5 investor visa program. Begun in the 1990’s as a 
way to attract capital and create jobs from foreign investors, the EB-5 program 
became more popular as a source of gap funding for economic development 
projects during and after the 2008 Recession (Simons et al., 2015). One reason 
for the program’s popularity is its low federal cost in providing economic stim-
ulation (Simons et al., 2015). Both the EB-5 program and the “shadow state” 
constitute a form of meta-governance and austerity—while the state may 
appear to be in retreat, it retains a great deal of power to redesign markets, 
redefine organizational forms and objectives through the judiciary, and to orga-
nize “different forms of first-order governance and meta-governance” (Jessop, 
2018). In this Jessopian reading of state retreat, community organizers must 
view devolution not as evidence of state retrenchment and weakness, but 
rather as the state reorganizing itself, markets, and communities in service of 
capital and to maintain ruling class power of the bourgeois state.  
Community Action in Chinatown
In Boston Chinatown, Urban Renewal spurred neighborhood residents, orga-
nizers, and activists to develop a clear understanding of power and political 
economy. The Boston Chinatown Neighborhood Center (BCNC), Asian Amer-
ican Civic Association (AACA), Chinese Progressive Association (CPA), and the 
Asian Community Development Corporation (ACDC) are part of this legacy of 
neighborhood organizing which allowed Chinatown to retain its immigrant 
population and culture. Their success is due in part to the coalitional nature of 
organizing in Boston’s Chinatown, which continued long after Urban Renewal, 
and evolved to respond to changing conditions in both the neighborhood and 
the metropolitan region at large. 
A prime example of Chinatown’s coalitional organizing tactics can be found in 
the struggle over Parcel C. In the 1980’s, Boston mayor Raymond Flynn imple-
mented neighborhood councils across the city to increase citizen engagement 
and participation in decision-making (Brugge & Tai, 2002). Given Chinatown’s 
rather unique status as both a neighborhood and regional immigrant hub, the 
election process for the Chinatown Neighborhood Council (CNC) allowed for 
any Asian resident of Massachusetts to vote on council members. Additionally 
the CNC reserved only five of its 22 seats for neighborhood residents, tipping 
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the power balance in favor of the interests of non-resident business and 
property owners (Brugge & Tai, 2002). In the early 90’s, tensions between 
the CNC and local residents came to a head in the conflict over Parcel C, 
one of the last developable plats in the neighborhood which the city had 
reserved for community use. New England Medical Center issued a propos-
al to build a multi-story parking garage on the site with a room within the 
structure set aside for community use, which the CNC supported. Neigh-
borhood residents fiercely objected and formed the Coalition to Protect 
Parcel C for Chinatown (CPPCC), which launched a 16-month campaign to 
fight the garage proposal (Brugge & Tai, 2002). In addition to organizing 
community meetings and garnering media attention, the CPPCC worked 
with national and local groups including the Sierra Club and the Dudley 
Square Neighborhood Initiative to gather data on traffic-related injuries, 
noise levels, and a community-led survey (Brugge & Tai, 2002). The CPPCC 
then used this data to challenge the technical aspects of New England 
Medical Center’s proposal—in the end, the proposal was defeated, and 
the city sold Parcel C to the ACDC for a nominal fee. ACDC then developed 
this site into mixed-income housing, retail, and community space—today, 
the offices of ACDC, BCNC, and CPA are all located in the resultant develop-
ment on Parcel C. 
Since the early 2000’s, Chinatown has seen rapacious private luxury de-
velopment. The neighborhood’s central location in the CBD coupled with 
its culture, history, and aesthetic caché have made it an attractive site for 
many young white-collar workers in Boston. The neighborhood is no longer 
majority Asian and has some of the highest median rents and lowest me-
dian incomes of any in Boston. Increasingly, low-income immigrant house-
holds have flocked to the satellite cities of Quincy and Malden, which 
lack many of the culturally and linguistically accessible services offered 
by Chinatown organizations. While the changing character of the neigh-
borhood has displaced many low-income households, property owners in 
Chinatown have seen huge windfalls with gentrification. Additionally as 
Chinatown’s low-income immigrant households have relocated to more 
affordable areas in Boston and nearby satellite cities, non-profits and other 
community organizations have had to expand their reach beyond China-
town, spreading their resources and capacity across a far larger geography 
than the neighborhood itself. Non-profit service providers, community or-
ganizers, and community development corporations must strike a balance 
between meeting the needs of vulnerable constituents in Chinatown and 
across the region while maintaining working relationships with local prop-
erty and business owners. While organizations like the Chinese Progres-
sive Association can adopt more militant organizing tactics reminiscent of 
the Alinksyan and Neo-Alinskyan approaches, non-profit service providers 
like BCNC must be more circumspect in their work. However, service pro-
viders have an important and under-utilized tool in their arsenal—data. 
Nearly all government contracts, corporate giving, and private philan-
thropic grants require some degree of data reporting related to programs 
and service delivery. Often, these reporting requirements are a burden 
on non-profit workers, taking them away from service delivery to report 
on foundation-defined metrics. But if managed and used correctly, this 
data can tell a powerful story of the work of non-profits. As state agencies 
have outsourced many of their former functions to the non-profit sector, 
non-profits are expected to meet ever-increasing demand with dwindling 
resources. By leveraging data on service delivery, non-profit service pro-
viders can quantify the impact of state retrenchment on their constituent 
base. Additionally, many service providers are well positioned to build 
coalitional movements with peer and partner organizations, leveraging 
collective data and skill sets to magnify their work. This was the case with 
the battle over Parcel C, where a coalition of neighborhood residents, 
scholars, and local and national non-profit organizations were able to 
push back against highly organized developers and academic institutions. 
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Technical Report
The COVID-19 pandemic and attendant economic fallout have resulted 
in massive unemployment, food insecurity, and hardship. In Chinatown 
and across Boston, immigrant serving non-profits have scrambled to pro-
vide income and food assistance, guidance in navigating public benefits, 
emergency childcare, pop-up vaccine clinics and testing sites, in addition 
to maintaining their regular programs and services. This work has often 
resulted in the creation of new datasets for programmatic evaluation and 
reporting, data which non-profits can and ought to repurpose to serve 
their constituencies. One such example is a dataset from BCNC on an in-
come replacement program conducted from March to June of 2020 and 
funded by the Boston Immigrant COVID Coalition (BICC). This program 
provided pre-loaded debit cards worth $300 to over 100 low-income im-
migrant households during the spring and summer of 2020, and collected 
data on addresses, household size, and economic hardship. While relative-
ly small, this dataset from the BICC-funded program offers insight into the 
impact of COVID-19 on Asian immigrant households in Suffolk county, and 
demonstrates the breadth and reach of non-profit service providers such 
as BCNC. By collecting, managing, and visualizing this data, non-profit ser-
vice providers can better demonstrate their impact, articulate constituent 
needs, and make demands on public agencies for greater support. 
This research project pairs available Census data on unemployment among 
Asian residents in Suffolk County with “ground truth” data from the BICC 
income replacement program. Using R Studio, I created multivariate lin-
ear and geographically weighted regression (GWR) models to predict 
which Census tracts in Suffolk county are likely to see higher incidences 
of unemployment of Asian immigrants. I then compared the GWR model 
predictions to the BICC ground truth data to analyze model performance. 
The results highlight methods for planners, policy makers, and advocates 
to better use Census and non-traditional data sources to serve immigrant 
communities. 
Data
To begin, I limited my geographic scope to focus on census tracts in Suffolk 
County, MA. The American Communities Survey (ACS) data tables do not 
have a specific variable on unemployment of Asian non-citizen residents; 
accordingly, I imputed this variable by using Public Use Micro Series (PUMS) 
data from the US Census Bureau through IPUMS, focusing on the 6 Public 
Use Microdata Areas (PUMAs) comprising Suffolk County. These data points 
formed the response variable for later modeling. For more information on 
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In addition to the Census data described above, I also used ground truth 
data from the Boston Immigrant COVID Coalition (BICC) income replace-
ment program administered by Boston Chinatown Neighborhood Center 
(BCNC) in the Spring/Summer of 2020. Recipients were predominantly 
Asian, and all were immigrants. The BICC data was collected on the level of 
individual recipients and addresses, and as such needed to be both ano-
nymized and geocoded to the census tract level. I conducted geocoding 
both manually and using R Studio to obtain longitude and latitude points, 
then conducted a spatial join with a Census tract shape file for Massachu-
setts. I further filtered this dataset to only include tracts within Suffolk 
county for comparability with the ACS tract-level data. 
Data Imputation
Using the variables outlined in Table A, I computed coefficients for each 
PUMA in Suffolk county representing unemployment among non-citizen 
Asian residents as a percentage of all Asian residents (citizens and non-cit-
izens). I then joined these coefficients with tract-level geospatial data for 
Suffolk and created a new variable by multiplying the coefficients by the 
number of Asian residents in each census tract. I used this variable as the 
response variable in my multilinear regression and GWR models. 
Multivariate Linear Regression
Next, I created a multivariate linear regression model to predict Asian 
immigrant unemployment as a function of Limited English Proficient (LEP) 
foreign-born Asian residents, male and female foreign-born Asian resi-
dents, non-citizen residents, speakers of Asian languages with an Asso-
ciate’s degree or some college, Asian immigrants who entered the US in 
2010 or later, and Asian immigrants who entered the US between 2000 
and 2010. 
Multivariate Linear Model Results       
In the multivariate linear regression model, the only statistically signifi-
cant variables were “Speakers of Asian languages with Associate’s/some 
college” and “Asian immigrants, entered 2010 or later”. Both of these 
variables were significant at the 1% level. For each speaker of an Asian 
language with an Associate’s degree or some college in the study area, 
unemployment of non-citizen Asian residents increased by 0.05. For each 
Asian immigrant who entered the US in 2010 or later in the study area, 
unemployment of non-citizen Asian residents increased by 0.01. The re-
maining variables were positively correlated to the response variable, but 
none of them reached the level of statistical significance (refer to table D 
for greater detail).  
The multivariate linear regression model had an R-squared value of 0.8598, 
meaning that explanatory variables accounted for 86% of variance in re-
sults. Next, I mapped residuals and ran Moran’s test on the multivariate 
linear model. Moran’s test yielded a p-value of < 4.267e-08 and a Moran’s I 
statistic of 0.21, indicating statistically significant clustering of positive and 
negative residual values geographically. These results suggested that geog-
raphy plays a role in the distribution of unemployment of non-citizen Asian 
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Geographically Weighted Regression 
With the results of the Moran’s test 
indicating spatial clustering in residu-
als, I opted to conduct a geographical-
ly weighted regression (GWR) model 
to predict unemployment of non-citi-
zen Asian residents in Suffolk county. 
Overall, the new GWR model outper-
formed the multivariate linear regres-
sion—local r-square values for the 
GWR ranged from a low of 0.784 to 
a high of 0.988. The GWR model also 
confirmed the results of the multivar-
iate linear model, namely the positive 
correlation between unemployment 
of Asian non-citizens and the presence 
of recent Asian immigrants and speak-
ers of Asian languages with less than a 
Bachelor’s degree. 
Distribution of Model Variables 
Using ArcGIS, I mapped the distribu-
tion of the GWR model’s response 
variable (unemployment of non-citi-
zen Asian immigrants), as well as re-
cent Asian immigrants (year of entry 
2010 or later), and speakers of Asian 
languages with an Associate’s degree 
or some college. Unemployment of 
Asian non-citizen residents was high-
est in the Fields Corner neighborhood 
of Dorchester, followed by Chinatown/
Downtown Boston, Allston/Brighton, 
Fenway and Mission Hill, and pockets 
of Dorchester nearby UMass Boston 
(figure 3). Recent Asian immigrants 
appeared in clusters in Fields Corner, 
Figure 1
Figure 2
Chinatown, and Allston/Brighton (figure 4). Speakers of Asian languages 
with an Associate’s/some college clustered in Fields Corner and adjacent 
tracts in Dorchester, as well as the easternmost tract of the Charlestown 
neighborhood (figure 5). These results are not surprising—Fields Corner is 
home to a large ethnic enclave of Vietnamese immigrants, Chinatown and 
Downtown Boston continue to be hubs for recent Asian immigrant arrivals, 
and Allston/Brighton are home to both Boston University and a commercial 
corridor of restaurants catering to college students. 
Figure 3 Figure 4
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Figure 5 Model Coefficients
In the multivariate linear regression, 
both the presence of recent Asian 
immigrants and speakers of Asian lan-
guages with an Associate’s degree or 
some college were positively correlat-
ed to unemployment of Asian non-cit-
izens. The GWR model presents a 
slightly more complicated picture—in 
tracts in central Boston (including 
Chinatown, the Back Bay, Fenway and 
Mission Hill) each recent Asian immi-
grant is associated with an increase 
in Asian non-citizen unemployment 
by .017 to 0.020. In tracts in Allston 
Brighton, Fields Corner, and much of 
Dorchester, however, the presence of 
recent Asian immigrants is associated 
with a decrease in unemployment of 
non-citizen Asian residents of 0.001 
to 0.010 (refer to figure 6). This is likely due to the presence of established 
Chinese and Vietnamese immigrant enclaves in these neighborhoods, and 
dense social and professional networks for co-ethnics.   
For the variable of speakers of Asian language with an Associate’s degree or 
some college, a similar pattern emerges. In central Boston census tracts (in-
cluding Chinatown and much of the South End), each additional speaker of an 
Asian language who has an Associate’s degree or some college is associated 
with an increase in Asian non-citizen unemployment of 0.058 to 0.078. For 
tracts in Allston/Brighton and Fields Corner, this relationship does not hold—
in these tracts, each additional Asian language speaker with an Associate’s 
degree or some college can result in a decrease or increase in Asian non-cit-
izen unemployment ranging from -0.006 to 0.016. These results suggest 
co-ethnic networks in Fields Corner and Allston/Brighton allow recent Asian 
immigrants with an Associate’s degree or some college to more easily access 
employment than in other neighborhoods.
Figure 6
Figure 7
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GWR Predictions
The GWR model predicts the highest levels of unemployment of non-citizen 
Asians in Fields Corner, followed by Chinatown/Downtown, Allston/Brighton, 
and tracts in the northernmost part of Dorchester (figure 8). The model un-
derpredicted unemployment of non-citizen Asian residents in Fields Corner 
and adjacent tracts in Dorchester, Allston/Brighton, and Charlestown. While 
the model accurately predicted Asian non-citizen unemployment in China-
town, it overpredicted in nearby tracts in Downtown Boston and the South 
End.  Overall, the model performed relatively well—it accurately predicted 
the response variable of unemployment among Asian non-citizens in a ma-
jority of tracts, and in no tract was the prediction off by more than 4 (refer to 
figure 9)
Figure 8 Figure 9
Comparing GWR to Ground Truth 
Lastly, I compared the results of my GWR model with the BICC ground truth 
dataset. After geocoding the BICC dataset from individual addresses to cen-
sus tracts, I conducted a spatial join of the BICC and GWR datasets. I exclud-
ed tracts for which no BICC data was available and scaled the BICC counts 
and the GWR predictions from 1 to 10 for direct comparability between 
the datasets. Overall, the GWR model overpredicts unemployment of Asian 
non-citizen residents compared to the BICC ground truth dataset. However, 
given the limited nature of the ground truth data not much can be inferred 
from this discrepancy. Refer to figures 10 and 11 for full results.
Figure 10 Figure 11
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Discussion
While there is little overall alignment between the two datasets, there are 
several tracts in which the GWR accurately predicted unemployment in the 
BICC ground truth data. These tracts are found in Chinatown, the South End, 
Mission Hill, Brighton, and Charlestown—all these neighborhoods are home 
to low-income Asian immigrant and Asian American residents, most notably 
Chinatown and the nearby South End (historically the heart of the Boston 
Chinese community). Public housing complexes in Charlestown, Mission Hill, 
and Brighton also house large numbers of Asian American and immigrant 
families. The GWR model predicted higher unemployment than the BICC 
ground truth dataset in tracts in Dorchester (most notably Fields Corner), All-
ston, and Charlestown. GWR model coefficients suggest that in Fields Corner 
and Allston, the presence of recent Asian immigrants is negatively correlated 
to Asian non-citizen unemployment, and that the presence of speakers of 
Asian languages with an Associate’s degree or some college has a mixed ef-
fect on Asian non-citizen unemployment. This may be attributable to dense 
social and employment networks in Fields Corner and Allston among Asian 
immigrants. By pairing model results with a ground truth dataset, I attempt 
to demonstrate a method to both supplement traditional census data and 
benchmark program performance against it. It should be noted, however, 
that this work has several limitations. 
Limitations
Both the multivariate linear and geographically weighted regression models 
used imputed PUMS data for their response variables. This makes both mod-
els inherently unreliable, as the response variables are not true observed 
values but inferred. Additionally, the ground truth dataset was small and cov-
ered only several months of an income replacement program administered 
through Chinatown non-profits. The nature of the program introduces biases 
into the dataset, including potential overrepresentation of participants from 
the tracts containing or in relative proximity to downtown Boston and Chi-
natown. This may account for the GWR model’s ostensible overprediction of 
need in Fields Corner and Allston when compared to the BICC ground truth 
data. While the results of these models should not be taken as predictive, 
they do highlight potential uses of non-profit data for practitioners and re-
searchers. 
Applications
Comparing programmatic data with census data allows non-profit com-
munity organizations to gauge their programmatic performance and to 
demonstrate impact. This evidence of impact further enables community 
organizations to make the case for greater funding and to place demands 
on local politicians and public agencies. Through geocoding and scaling 
ground truth data, participant privacy is preserved—an issue of concern 
for groups working with immigrant communities with undocumented 
members. Using a larger ground truth dataset would allow researchers and 
practitioners to highlight gaps in census data and engage in further advo-
cacy efforts for immigrant communities. A demonstration of a community 
organization’s impact has clear fundraising applications, but political ones 
as well. In an environment of public sector austerity, non-profit community 
organizations are forced to do more with less and choose between orga-
nizing activities and service provision. By clearly outlining the impact their 
programs have on their constituencies, community organizations can make 
calls on the state for more resources—while the state has outsourced many 
of its social welfare functions to non-profits, it ought not outsource its obli-
gation to provide for those over whom it presides and draws its power. 
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Conclusion
Since 2016, immigrant communities and service providers have operated 
in a national environment of political hostility. The Trump administration’s 
series of restrictive travel bans, attempts to enact a new public charge rule, 
and increased use of Immigration and Customs Enforcement have further 
marginalized naturalized and undocumented immigrants alike. Initially, the 
philanthropic sector responded to the hostility from the White House with 
a flurry of grantmaking activity targeting immigrant organizations. However, 
after the death of George Floyd in Minneapolis and the subsequent unrest in 
cities across the US, many grant makers shifted their focus to Black Lives Mat-
ter and affiliated organizations. In some cases, grant makers opted to update 
their definition of “communities of color” in their funding priorities to explic-
itly exclude Asian communities in a baffling sleight of hand. The recent spate 
in targeted attacks on Asians will likely make some funders rethink their atti-
tude towards Asian immigrant enclaves, at least temporarily. However, im-
migrant communities and the organizations who serve them need sustained 
support, something they are unlikely to find in the philanthropic class. 
Rather than letting the donor class dictate the scope of their work, non-profit 
organizations have an opportunity to redefine the terms of engagement and 
subvert the uneven power relationship between themselves and their insti-
tutional funders. Additionally, strategic use of non-profit service data allows 
these organizations to better quantify their work and make demands on the 
state and public agencies for greater financial support. While data collection 
and reporting are often ancillary to non-profits’ mission-driven work, these 
processes offer non-profits a measure of power. As community institutions, 
non-profits create bodies of knowledge related to their work and constitu-
encies which their funders cannot. While not as radical or confrontational as 
traditional community organizing models, this tactic grants non-profits the 
ability to redirect narratives around their work to better serve their constitu-
ents and is adaptable to a variety of community organizing and development 
models. In fact, organizations in Boston’s Chinatown have employed this 
tactic in the past with great success, as was the case with the struggle over 
Parcel C.  
As COVID-19 continues to disrupt daily life for millions of Americans, vulner-
able immigrant populations will continue to bear the brunt of the economic 
and social fall out. This is particularly true for low-income Asian immigrant 
communities, who must contend with the model minority myth and the re-
cent uptick in anti-Asian violence. Rather than wait on the fickle beneficence 
of philanthropists, immigrant-serving community-based organizations have 
the opportunity to use their own data to set local agendas, craft a broader 
narrative, and build their cases for further advocacy. 
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